Abstract
Introduction

29
Next-generation sequencing has facilitated global surveys of the transcriptome, 30 largely focused on studying differential expression of genes across different 31 conditions. Studies of eukaryotic transcriptomes are increasingly embracing the 32 analysis of non-coding transcript expression but in bacteria, where intergenic 33 regions tend to be a lot shorter (Thorpe et al., 2017) and less well annotated, 34 automated differential gene expression is still largely synonymous with 35 differential expression of the coding regions (CDS). As the functional importance 36 of bacterial non-coding RNAs (ncRNAs -the term used here to cover long 37 antisense RNA, small regulatory RNA (sRNA), and untranslated parts of mRNAs) 38 is becoming evident (Michaux et al., 2014) , so is the need for including them in 39 differential expression studies. 40
41
A major obstacle in studying non-coding RNA expression in bacteria is that 42 relatively few ncRNAs are reliably annotated and, with the exception of well-43 known cases (such as tRNAs, ribosomal RNAs and, more recently, some members 44 of the RFAM (Kalvari et al., 2018) families), the majority are not included in the 45 standard annotation files required by computational pipelines. Requiring the 46 non-coding RNAs to be included in the annotation is prohibiting their analysis by 47 methods such as TrBorderEx (Wang et al., 2015) , which identifies the transcript 48 boundaries but does not find new non-coding RNAs. An alternative to waiting for 49 annotations to improve is to identify ncRNAs using the expression data signal. These studies offered great insights into the non-coding transcriptome but 54 applying their approach in a different context is time-consuming and prone to 55 errors due to the need for recreating the pipelines from scratch. Selected studies 56 have led to publicly available software for the study of ncRNAs in bacteria. 57
However, some methods are limited to specific species (Pellin et al., 2012) baerhunter, the sRNA/UTR predictions were compared to a set of experimentally 117 confirmed and predicted mycobacterial sRNAs from the comprehensive review 118 of (Haning et al., 2014) . Transcription start sites reported by (Cortes et al., 2013 ) 119 for the same samples were also used to assess the accuracy of our predictions. 120
The genome browser Artemis (version 17.0.1) (Carver et al., 2012) was used for
123
Rockhopper was used with default parameters, except for the minimum 124 transcript length that was set to 40 nucleotides to match the baerhunter settings. 125
Two minimum expression thresholds were tested (0.5, the default, and 0. 
Results
136
Simulated dataset
137
We tested the ability of baerhunter to recover expressed intergenic regions and 138 UTRs using simulated data. 1000 genomic features were randomly selected from 139 the Mtb genome, including twenty-four short RNAs included in the original 140 annotation (see Supplemental Methods). As the genome annotation file does not 141 include UTR information for Mtb, artificial UTRs were added to a random subset 142 of 200 genes. These 1000 features were simulated in 10 samples belonging to 143 two groups (with fold changes between 1 and 5 applied to 20% of the features). 144
Our pipeline applied to paired-end read simulations recovered all short RNAs 145 and all UTRs, with exact predictions for the start and end coordinates of all 24 146 sRNAs and over half of the UTRs (the remaining being in their vast majority 147 within 5 nucleotides of the true range). Results were relatively insensitive to 148 small changes in the program parameters (Supp Table 1 Table 2 ). Although more 169 than half of the baerhunter-predicted sRNAs do not correspond to sRNAs in the 170 published list of (Haning et al., 2014) , visual examination of the RNA-seq signal 171 confirms expression at these loci (Supp Figure 6 ), usually from a very weak TSS 172 that has not passed the inclusion cut-off in the original study by (Cortes et al., 173 2013 ). These transcripts are often expressed at very low levels and can be easily 174 filtered out using expression strength. Rockhopper, run at default expression 175 cut-offs, not only predicts fewer sRNAs but also a smaller percentage of these 176 predictions (~50-75%) are supported by TSS evidence (Supp Figure 5C&D) . The 177 prediction of UTRs is harder to assess. In the absence of ground truth for 3' 178 UTRs, we compared the start of the 5' UTR predictions to TSS data. Rockhopper 179 retrieved more of the 5' UTRs using default sensitivity but differences were 180 generally small (Supp Figure 7) . Importantly, the two programs differ in their 181 treatment of 5' UTRs that are followed by a significant drop near the start of the 182 CDS. Rockhopper annotates these as independent sRNAs, a design that 183 occasionally leads to the unintended consequence of predicting a much shortertreat these as 5' UTRs, acknowledging that they originate from mRNAs 186 containing transcription-terminating regulatory elements ahead of the coding 187 
281
C.
282
The baerhunter program discovers both the 5'UTR ahead of the Rv1009 (rpfB) gene and the 
287
The similarities between read coverage as reported by Rockhopper (rows f and g) and our own 288 pipeline (row h) indicate that differences between the Rockhopper and baerhunter predictions 289
are not due to differences in the way the reads were mapped to the reference genome but instead 290 are due to the different ways the programs identify expressed regions.
